The use of mobile technologies has recently received great attention in language learning. Most research evaluates the effects of employing mobile devices in language learning and explores the design of mobile-learning interventions that can maximize the benefits of new technologies. However, it is still unclear whether the use of mobile devices in language learning is more effective than other instructional approaches. It is also not clear whether the effects of mobile-device use vary in different settings. Our meta-analysis will explore these questions about mobile technology use in language learning. Based on the specific inclusion and exclusion criteria, 22 d-type effect sizes from 20 studies were calculated for the meta-analysis. We adopted the random-effects model, and the estimated average effect was 0.51 (se = 0.10). This is a moderate positive overall effect of using mobile devices on language acquisition and language-learning achievement. Moderator analyses under the mixed-effects model examined six features; effects varied significantly only by test type and source of the study. The overall effect and the effects of these moderators of mobile-device use on achievement in language learning are discussed.
Introduction
With the rapid growth of mobile technologies as well as the explosion in the number of educational applications and mobile devices, a large number of studies have been conducted about the use of mobile devices in education [1] [2] [3] [4] . Widespread ownership of mobile devices has cued researchers to pay attention to mobile devices as potential media to deliver learning content [5] [6] [7] , and to consider how to use mobile devices as pedagogical support tools [8, 9] . Educators have not only begun to use mobile technologies in formal classroom settings but have also integrated such technologies into informal education settings in daily life [7, 9] .
Language learning is one area in which the use of mobile technologies has been well researched [10] . Previous studies have identified advantages of mobile devices including their portability, versatility of features, connectivity, and individuality [6, 11, 12] . Their portability, combined with the pervasive presence of mobile devices in daily life, enables learners to use handheld devices anytime they want [9, [13] [14] [15] . In addition, research on language learning can be conducted not only in formal classrooms but also in informal settings such as during language use at home and in social communication. Therefore, language learning is a domain in which mobile devices can play an important role in educational activities [1, 16, 17 ].
Definition of Mobile Learning
Mobile devices such as smartphones and tablets are becoming ubiquitous. Unlike other forms of e-learning that deliver educational content via the internet, mobile learning or m-learning has one certain benefit: learner mobility [18] [19] [20] [21] [22] [23] . Mobile learning combines student support tools from e-learning with mobile technology, thus allowing access to educational content or information without the limitations of physical location or time [9] . That is, mobile learning can be defined as any sort of learning in which content or facilitated educational activities are delivered using mobile technologies as mediating tools, whenever and wherever the learner desires [9] .
Trends in Mobile Learning in Education
Mobile learning is increasingly being recognized as a potential learning environment in education [1, 7] . The adoption of mobile technologies is rapidly expanding in higher education, in primary and secondary schools, and in training contexts [9] . According to a report by the Pew Research Center [24] , 73% of Advanced Placement and National Writing Project teachers reported that they and/or their students used cell phones for educational purposes in the classroom or when they worked on assignments. In addition, 45% of teachers and students reported use of e-readers, and 43% of teachers or students indicated use of tablet computers in the classroom or for assignments.
Why do both teachers and students rely on mobile technologies? Three potential answers are (1) mobile phones are nearly always present in daily life, (2) smartphones can be used as hand-held computers to support learning activities with integrated technologies such as voice recorder/player, camera/camcorder, web browser, and personal computing [23] , and (3) numerous mobile applications are being developed for educational activities. With these features of mobile devices and their potential capabilities as pedagogical support tools, the landscape of technology-supported learning highlights mobile learning as a critical emerging area [23, 25, 26] . According to reviews of trends in mobile-learning research [4, 7] , studies of mobile learning have examined a diversity of disciplines including the humanities, social sciences, health sciences, and natural sciences. Language and linguistics, a sub-discipline of the humanities, has the largest number of studies on mobile learning. In addition, five reviews [1, 4, 7, 18, 19] have synthesized general mobile-learning trends. Wu et al. [4] (2012) noted that, from 2003 to 2010, many researchers focused on the effectiveness of mobile learning (i.e., 58% of mobile-learning studies). These reviews reported valuable information on how different types of mobile-device use and mobile-device-based learning environments hold benefits for other mobile-learning settings. In addition, those aforementioned reviews represented the overall research trends related to the use of mobile technology in the field of education.
Mobile-Assisted Language Learning
Researchers in language learning and linguistics have attempted to use technology-supported learning to enhance learning outcomes and learner performance in numerous ways [7, 14, 15, 27, 28] . Mobile-Assisted Language Learning (MALL) is a technology-supported approach to language learning, which focuses on acquisition of linguistic knowledge and skills as well as providing assistance with communication using emerging mobile technology [29] .
The use of mobile technologies has recently received great attention in language learning [4, 9, 14, 30, 31] . Language learning is defined as the process of development in language ability. For example, current mobile-learning trends indicate that the largest numbers of studies on mobile learning have focused on language and linguistic disciplines [4] . In MALL studies, scholars evaluate the effects of employing mobile devices in language learning and explore the design of mobile-learning interventions that can maximize the benefits of new technologies [14, 32, 33] .
A variety of language skills may be considered under the umbrella of language learning. One of course is the learning of a new language. Learning a language requires one to learn vocabulary words, to recognize them when listening and reading, and to pronounce them properly. As well, one needs to understand and be able to independently produce the grammatical structures of the language being learned [34] . More mundane and concrete skills such as spelling and using proper punctuation are also parts of language learning. However, these skills are not only needed when learning a second language, they are relevant to one's first-language skill improvement as well. Learning more words, and more complex words, is an important part of being an advanced reader [16] . Reading itself is a language skill [35, 36] .
Some of these component skills in language learning are thought to be particularly suitable to mobile learning. Vocabulary accumulation [37] and pronunciation [38] appear ideally suited for the mobile-learning context. However, it is still unclear whether the use of mobile devices in language learning is more effective than other instructional approaches such as language learning with computers or print-based materials. It is also not clear whether the effects of mobile-device use vary in different settings. Our meta-analysis will explore these questions about mobile-technology use in language learning.
In this review, we synthesize the results of experimental studies that measure the effects of using mobile devices on language learning. We investigate the effects of using mobile devices in language learning using the methods of meta-analysis. We offer a systematic review and synthesize the findings of relevant documents (e.g., published articles, dissertations, reports, etc.) from the language-learning and linguistics disciplines. Specifically, the goal of our meta-analysis is to answer the following two research questions:
Research question 1. What is the average effect of using mobile devices on language learning? Research question 2. How do the effects of using mobile devices vary when language achievement is measured in different research settings and contexts, at different school levels, in different types of study, and for different target language-learning skills, types of test, and target language learners?
Methods

Data Search Strategy and Study Selection
A systematic literature search was conducted to explore relevant publications on MALL. Electronic databases including ERIC, EBSCOhost (Academic Search Complete), PsycINFO, JSTOR, and ProQuest Dissertations & Theses were used for the literature search. The key words ("language learning" AND "achievement") AND ("mobile" OR "m-learning") were used as distinct search terms. We located 337 articles in ERIC and 776 articles in EBSCOhost. In addition, we found 264 articles from PsycINFO and 1345 articles from JSTOR. For unpublished studies, ProQuest Dissertations & Theses was used, and 147 studies were found (see Figure 1) . The research results were limited to have publication dates between 2005 and 2017 because most mobile learning studies have been conducted since 2005. We found no study results from conference papers and books suitable for inclusion in our meta-analysis. 
Inclusion and Exclusion Rules
The results of the literature search and study exclusions were shown in Figure 1 . A total of 2869 articles was found after conducting the first exploratory searches through the electronic databases. After a series of screening decisions, 345 potentially relevant articles were identified. The following criteria were used for inclusion of the studies: the study had (1) included mobile learning as a treatment plus some control condition, (2) used an experimental design to compare mobile learning and some other intervention, (3) included educational activities delivered via mobile devices, (4) included a clear description of participants, and (5) provided sufficient statistical information to allow computation of d-type effect sizes. In addition, collected sources were excluded if the studies (1) were not related to mobile learning and language-learning, (2) did not measure language learning achievement as a learning outcome, (3) were published before 2005, or (4) showed unusually large effect sizes as outliers. Based on the inclusion and exclusion criteria, 367 articles were excluded, and 86 studies were retained for further exploration and coding. Finally, 20 studies remained for the metaanalysis.
Data Evaluation
A total of 20 studies provided 22 effect sizes. A list of studies and coded features is presented in Table 1 . The coded features included: (1) participant information, (2) treatment and setting characteristics, and (3) statistics used, including sample size, means, and standard deviations. 
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Data Evaluation
A total of 20 studies provided 22 effect sizes. A list of studies and coded features is presented in Table 1 . The coded features included: (1) participant information, (2) treatment and setting characteristics, and (3) statistics used, including sample size, means, and standard deviations. Note. ESL = English as a second language learner; EFL = English as a first language learner.
Initial Coding
The first coding category, study information, included school level, total sample size, and publication type. Treatment and setting characteristics included features such as the context of the study, type of mobile device, intervention components, and representation of content. In addition to these two major categories, information to calculate effect sizes was collected. Because the main research questions were related to the effects of mobile-device use versus other conventional learning interventions, means and standard deviations or other statistics were used to compute d-type effect sizes; these are listed in Table 1 .
Moderators
Six potential moderator variables-school level, source of study, context of study, target language-learning skill, type of test, and target language learner-were identified as shown in Table 1 . School level was divided into three categories: (1) primary, (2) secondary, and (3) post-secondary. Source of study classified the publication outlet of the research, as either (1) journal or (2) dissertation. Context of study identified whether the research was conducted in a formal or informal learning environment. Formal learning was defined as the act of acquiring knowledge or skills in highly structured, classroom-based, or institutionalized settings [49, 50] . Thus, formal learning in this review referred to the use of mobile devices in structured classroom instruction, or during homework. Informal learning was intentional but not highly structured [50] . Here, informal learning referred to the use of mobile devices for learning in social activities or field trips which were not part of classroom-based instruction. Target language-learning skill was divided into four categories: (1) vocabulary, (2) pronunciation, (3) reading, and (4) language arts. Type of test had two categories: (1) commercial standardized tests and (2) researcher-made scales which were developed for each specific study. Target language learner in this review represented the focus group for English language learning: (1) English as a Second Language (ESL) learner group vs. (2) English as a First Language (EFL) learner group.
Extraction and Calculation of Effect Sizes
Twenty-two effect sizes were extracted from the 20 studies that remained after applying the inclusion/exclusion rules. If a study included results of multiple experiments or subgroups, the effect sizes were calculated separately for each sample. For example, Wang [3] studied the effects of using mobile devices on comprehensive reading with three different majors in post-secondary school: business administration, information management, and tourism management. In this case, three independent effect sizes were extracted. On the other hand, multiple outcomes from a study were averaged due to the dependency that exists when examining the same participants repeatedly. To avoid the overestimation of variance when the dependency of effect sizes occurred, the robust variance estimation (RVE) method [51] was applied to calculate the corresponding variances of effect sizes.
Our main research questions related to the effects of mobile devices versus those of other learning interventions. Thus, effect sizes (d) were obtained by calculating the difference between the means of the experimental (mobile) and control (other treatment) groups, divided by the pooled standard deviation as shown in Equation (1):
Also, n T and n C are the sample sizes for the mobile learning and control groups, respectively, and m = n T + n C − 2.
The variance of the effect size was calculated using
In the case of different study designs or analyses of the primary studies, such as analysis of covariance, the effect size (d) was calculated by using the adjusted means in the numerator, assuming the adjustments were reasonable, and using the pooled unadjusted standard deviation for the calculation [52] .
Coding and Effect Size Reliabilities
All 22 effect sizes from 20 studies and six moderators were coded independently at least twice by three of the authors, and then their results were compared to assess inter-coder reliability. For effect sizes, the reliability was calculated as a Pearson correlation. The reliabilities of other key variables were calculated using the proportion of agreement. All disagreements were discussed until any discrepancies were fully resolved. The reliabilities of initial codes for the effect sizes and moderators are shown in Table 2 . To assess the heterogeneity of our effect sizes and potential for publication bias, we drew confidence interval (CI) plots and the funnel plot [53] , using Excel and R. To explore possible moderators for the effect size of the impact of mobile devices on language learning, SPSS macros developed by David Wilson, including MeanES and MetaF, were used to compute Q statistics including Q B (i.e., the Q value for testing between groups differences) and Q W (i.e., the Q value for remaining within groups variability). These macros were available at http://mason.gmu.edu/~dwilsonb/ma.html.
Publication Bias
Publication bias is defined as "the state of affairs when published research on a topic is systematically unrepresentative of the population of completed studies on that topic" [53] (p. 61). Rothstein and Dickersin [54] listed several sources of publication bias, including editorial policies, unpublished or delayed reports of statistically non-significant studies, and over-representation of large results for overall effect size due to sample size. Rothstein and Dickersin argued that publication bias was a potential threat to the validity of meta-analytic results. In the current review, the funnel plot, trim-and-fill method, and Egger's test were employed for evaluating publication bias. In the funnel plot, effects from larger more precise studies appear at the top of the plot, whereas those from smaller, less precise studies appear more dispersed at the bottom of the graph. If publication bias does not exist and the effects are from a single population, the effects will be distributed symmetrically and form the shape of an upside-down funnel. The plot typically will be skewed to one side in the presence of publication bias [53] . The trim-and-fill method is used to estimate the number of studies missing from a meta-analysis in a funnel plot and to adjust the mean accordingly. Egger's test checks for asymmetry of the funnel plot; both it and the funnel plot are good indices for checking for publication bias.
Model Specification
Borenstein, Hedges, Higgins, and Rothstein [55] described two statistical models for meta-analysis: the fixed-effects model and the random-effects model. In the simplest fixed-effects model perspective, one true effect size exists for all studies, and all differences between effect sizes are assumed to be due to sampling error. The random-effects model consists of a common effect with two sources of variance: between studies variation and sampling error.
The effect sizes in this review were inspected to see whether they came from the same population. First, an overall homogeneity test was conducted using Hedges' formula for Q based on inverse variance weighting (using w = 1/Var(d)). Second, I-squared and the Birge ratio were computed, and CIs for the effect sizes [52] were plotted in order to assess the variability between studies.
When the homogeneity test verified that the effect sizes were not from a single homogeneous population, then it would be sensible to explore the variation in effects, to determine whether some of the between studies variance was explained by our moderator variables [52] .
Based on both Q B and Q W statistics in our moderator analysis, we employed the random-effects model and the analysis-of-variance or ANOVA-like mixed-effects model. The weight was the inverse of the sum of the effect variance Var(d ij ) and the within-group random-effects variance, specifically.
for study i in group j.
Moderator Analysis
We considered six variables as moderators of effect size: school level, source of study, context of study, target language learning skill of study, type of test, and target language-learner. All these variables were categorical.
Results
Publication Bias Analysis
The funnel plot showing the effect-size standard error (on the vertical axis) versus effect size (on the horizontal axis) allowed us to assess potential publication bias and is shown in Figure 2 . This asymmetrical funnel plot reflected some potential publication bias. The funnel plot showed more positive effects than negative ones; also several very large effects (above 2) were seen. The reference line showed the mean of the observed effects, which is 0.51. perspective, one true effect size exists for all studies, and all differences between effect sizes are assumed to be due to sampling error. The random-effects model consists of a common effect with two sources of variance: between studies variation and sampling error. The effect sizes in this review were inspected to see whether they came from the same population. First, an overall homogeneity test was conducted using Hedges' formula for Q based on inverse variance weighting (using w = 1/Var(d)). Second, I-squared and the Birge ratio were computed, and CIs for the effect sizes [52] were plotted in order to assess the variability between studies.
Based on both QB and QW statistics in our moderator analysis, we employed the random-effects model and the analysis-of-variance or ANOVA-like mixed-effects model. The weight was the inverse of the sum of the effect variance Var(dij) and the within-group random-effects variance, specifically.
Moderator Analysis
Results
Publication Bias Analysis
The funnel plot showing the effect-size standard error (on the vertical axis) versus effect size (on the horizontal axis) allowed us to assess potential publication bias and is shown in Figure 2 . This asymmetrical funnel plot reflected some potential publication bias. The funnel plot showed more positive effects than negative ones; also several very large effects (above 2) were seen. The reference line showed the mean of the observed effects, which is 0.51. We next conducted Egger's regression test for asymmetry [56] . Egger's test evaluates the intercept of the regression of the standard normal deviate of each effect on the precision, 1/Var. The standard normal deviate was calculated as the effect size divided by the standard error of the effect size or / . This regression test for funnel-plot asymmetry under the mixed-effects meta- We next conducted Egger's regression test for asymmetry [56] . Egger's test evaluates the intercept of the regression of the standard normal deviate of each effect on the precision, 1/Var. The standard normal deviate was calculated as the effect size divided by the standard error of the effect size or d/ √ Var i . This regression test for funnel-plot asymmetry under the mixed-effects meta-regression model with the predictor of standard error was not statistically significant with z = 1.83 at alpha level 0.05. Therefore, the intercept for this test suggested no evidence of funnel-plot asymmetry. In the funnel plot, most missing studies (i.e., the four estimated missing studies) were to the left of the mean. After applying the trim-and-fill method, the adjusted mean was decreased to d = 0.36, (se = 0.03) from the original overall effect size of d = 0.51, (se = 0.10) in Figure 2. 
Overall Effect Size
As shown in the forest plot in Figure 3 , no common effect size seemed evident given the wide array of the twenty-five confidence intervals. This result was consistent with heterogeneity of the effect-size data. The overall homogeneity test suggested that the data were not homogeneous (Q = 103.27, df = 21, p < 0.05). In addition, the values of Birge's ratio (4.92) and I-squared (79.66%) also supported the view that the effect sizes were not homogeneous. Based on the results of the homogeneity test, it was not reasonable to estimate a common effect. Any overall effect would represent an average of the set of population effect sizes. The next steps were to estimate the degree of heterogeneity of the effect sizes from different populations and to examine the effects of the moderator variables. regression model with the predictor of standard error was not statistically significant with z = 1.83 at alpha level 0.05. Therefore, the intercept for this test suggested no evidence of funnel-plot asymmetry.
In the funnel plot, most missing studies (i.e., the four estimated missing studies) were to the left of the mean. After applying the trim-and-fill method, the adjusted mean was decreased to d = 0.36, (se = 0.03) from the original overall effect size of d = 0.51, (se = 0.10) in Figure 2 .
As shown in the forest plot in Figure 3 , no common effect size seemed evident given the wide array of the twenty-five confidence intervals. This result was consistent with heterogeneity of the effect-size data. The overall homogeneity test suggested that the data were not homogeneous (Q = 103.27, df = 21, p < 0.05). In addition, the values of Birge's ratio (4.92) and I-squared (79.66%) also supported the view that the effect sizes were not homogeneous. Based on the results of the homogeneity test, it was not reasonable to estimate a common effect. Any overall effect would represent an average of the set of population effect sizes. The next steps were to estimate the degree of heterogeneity of the effect sizes from different populations and to examine the effects of the moderator variables. Table 3 shows the overall weighted mean and homogeneity test for the 22 independent effect sizes. Because of the heterogeneity of effect sizes, we first proceeded with a random-effects model overall analysis. The overall mean effect size was strong (d = 0.51) with a random effects variance Table 3 shows the overall weighted mean and homogeneity test for the 22 independent effect sizes. Because of the heterogeneity of effect sizes, we first proceeded with a random-effects model overall analysis. The overall mean effect size was strong (d = 0.51) with a random effects variance component of 0.10. This was used to estimate the interval within which 95% of all population effects might fall (assuming normality). This interval was from 0.32 to 0.70, indicating mobile learning was significantly more effective than the other interventions for language learning. Note. CI = confidence interval; LL = lower limit, UL = upper limit.* p < 0.05.
Moderator Variable Analysis
We next inspected the six potential moderators of our effect sizes. According to the ANOVA-like mixed-effects model with moderators (Table 4) , only source of study and type of test were significant moderators. Table 4 shows the weighted mean effect sizes for language-learning achievement under various conditions. Note. CI = confidence interval; LL = lower limit, UL = Upper limit.* p < 0.05.
School Level
We compared the effect sizes across school levels. As shown in Table 4 , studies done in primary and post-secondary schools both showed significant detectable effect sizes, d = 0.52 (se = 0.16) and d = 0.54 (se = 0.13), respectively. Studies of learners in secondary school showed a mean effect size that was not significantly different from zero. However, because of high degrees of variation within each of the school levels, school level was not a moderator that could explain all the population variance in the effects (Q B = 0.35, p > 0.05).
Source of Study
Studies in the current review were from two sources: journal articles and dissertations. A finding that larger effects were reported in journal articles led us to suspect publication bias may be at play. As shown in Table 4 , mean effect sizes from journal articles were significantly larger than the mean effect sizes from dissertations (Q B = 4.07, p < 0.05). Mobile-learning studies that were reported in journal articles also showed non-zero effects (d = 0.59, se = 0.10), whereas results based on dissertations showed virtually no effect with a mean of 0.11 (se = 0.22).
Context of Study
The context-of-study predictor included two categories: formal and informal learning. As shown in Table 4 , mean effect sizes were significantly detectable from zero for the mobile-learning studies conducted in both formal-learning settings and informal-learning settings. The means of 0.54 (se = 0.10) and 0.38 (se = 0.21) represented moderate to large effects in both settings. However, the value of Q B was not significant at α = 0.05 (Q B = 0.49). Therefore, we determined that the study context was not a moderator explaining the effect-size differences.
Target Language-Learning Skill
Four learning outcomes were examined in the mobile-learning studies we gathered: vocabulary, language arts, reading, and pronunciation. As shown in Table 4 , learning outcomes for vocabulary, language arts, and pronunciation had strong positive effects. Only the reading learning outcome showed a weak effect. Thus, use of mobile devices appeared effective for language-learning achievement across most target language-learning skills. However, the value of Q B was again not significant at α = 0.05 (Q B = 1.41, p > 0.05), so that the target language-learning skill predictor did not moderate the effects of mobile device use on language learning in this mixed-effects model.
Type of Test
The test-type predictor included two types of test: commercial standardized tests and researcher-made scales. The results demonstrated that mobile-learning outcomes that were measured with researcher-made scales were significantly different from those from the studies conducted with commercial standardized tests. Researcher-made scales showed much higher effect sizes (d = 0.70, se = 0.10) than standardized commercial tests (d = 0.19, se = 0.13).
Target Language Learner
The target language-learner predictor includes two types of student who participated in the studies: ESL and EFL. In this review, nearly all the studies in language-learning achievement were conducted with English as second language learners, except for two studies. In addition, larger effects were reported for ESL learners than for EFL learners. Mobile-learning studies which focused on ESL also showed non-zero effects (d = 0.56, se = 0.11), whereas results for EFL showed virtually no effect with a mean of 0.12 (se = 0.31). However, due to the very great uncertainty associated with the EFL mean, the target participant predictor was not a significant moderator, with Q B value of 1.80 (p > 0.05).
Discussion
This study synthesized 22 effect sizes from 20 studies and investigated the effects of using mobile devices on students' achievement in language learning. Specifically, language-learning achievement was examined in different research settings and circumstances, including different school levels and study contexts. Also, studies varied in their target language-learning skills, type of tests used, and target language-learner populations. Results included were both published and unpublished (i.e., from dissertations).
Overall Effects of Using Mobile Devices on Achievement in Language Learning
The result of a medium sized overall positive effect of using mobile devices on language acquisition and language-learning achievement confirmed that the use of mobile devices could facilitate language learning. These results were consistent with other research findings regarding the effects of mobile devices on subsequent language-learning skills, such as vocabulary [27, 28, 37, 57] and general language acquisition [30, 58] . In addition, the result connected with recent systematic reviews and meta-analyses [2, 7, 59 ].
The Effects of Using Mobile Devices under Various Conditions
School Level. Finding large effect sizes for using mobile devices in all school levels indicated employing mobile devices with students can influence language acquisition and achievement.
Context of Study. Both formal and informal learning contexts were settings where positive effects of using mobile devices on language learning were found [7] . This implies mobile devices were functional to deliver language-learning materials and activities directly, such as for collaborative speaking and listening activities [14] as well as serving as learning supports.
Type of Test. Results indicated that positive treatment effects differed from zero only when language-learning achievement was assessed using researcher-made scales. Researcher-made scales were likely constructed to fit study goals and might measure specific areas that the researcher targeted and wanted to assess. Commercial standardized tests might assess broader areas of language achievement that students might not have learned from/on their mobile devices [60] . In contrast, researchers who create their own scales likely closely target the specific skills or vocabulary terms that were covered in their own m-learning applications. This could reflect the phenomenon of teaching to the test [61] .
Significance of the Study
Similar to other reviews or meta-analysis studies that showed strong positive effects of mobile learning [4] , this review also found medium sized positive effects of using mobile devices on language learning. Also in spite of the fact that effects varied between studies, in conditions similar to those in our studies, students receiving mobile-learning language instruction will almost always outscore others on average. In addition, the current review employed a comprehensive set of moderators to investigate the effects of various potential conditions on language-learning achievement which could lead to heterogeneity in the population. Only study source and type of test explained between studies differences. It is disconcerting that the effects of mobile learning were minimal when measured via standardized tests because, in many school settings, those are the tests of choice for assessment. School level, context of study, target language learning skill, type of test, and target language-learner group did not reach significance. This comprehensive moderator analysis contributed to understanding the various conditions for effective mobile-device use in language learning.
Limitations and Suggestions for Future Study
First, the results of our analysis for source of study showed that the mean effect size of journal articles (d = 0.59, se = 0.10) was significantly different from the mean effect size of dissertations (d = 0.11, se = 0.22). We suspect publication bias may have played a role in this result. Researchers have observed that publication bias arises from the tendency of journals to reject insignificant findings [62, 63] . Therefore, using only journal articles as resources in prior meta-analyses may have led to skewed interpretations if their published studies were more likely to include significant results [64, 65] . This was clearly the case for our studies. In future reviews, unpublished studies and reports should be included to ensure that conclusions that are more appropriate. When we applied the trim-and-fill technique to estimate the adjusted mean for the hypothetical full set of studies (including studies missing from the funnel plot), the estimated mean was still positive, but showed a smaller (and not significant) effect of using mobile devices for language learning (d = 0.36, se = 0.03).
Second, it might be useful to address more potential moderators in a meta-analysis study. For example, we would like to investigate the specifications of mobile devices such as screen size and operational system (i.e., OSX vs. Android). Sung et al. [7] found hardware specifications (e.g., handheld devices and laptops vs. mixed devices) influenced the heterogeneity of the effect sizes in their review. In addition, the effects of type of mobile application (e.g., commercial training vs. educational purposes) or additional target language skills such as language acquisition and language skill improvement can be addressed.
Third, this review investigated the effectiveness of mobile devices on the cognitive domain (i.e., language-learning achievement) across various moderators. In future studies, it may be fruitful to conduct research on the effects of using mobile devices in the affective domain, such as on learners' motivational status or attitudes toward language learning; and in the meta-cognitive domain, such as on learners' self-regulation and use of intellectual strategies [10] .
